ABSTRACT. In this article we assess the effect of market imperfections and income inequality on rural production efficiency. The analysis is carried out using the notion of stochastic conditional efficiency computed in terms of free disposal hull (FDH) efficiency measurements. Free disposal hull and conditional FDH are output oriented with variable returns to scale. They are evaluated for rural production at the county level, considering the rank of rural gross income as the output and the ranks of land expenses, labor expenses, and expenses on other technological factors as inputs. The conditional frontier is dependent on income inequality and other indicators related to market imperfections. The econometric approach is based on fractional regression models and the generalized method of moments (GMM). Overall, the market imperfection variables act to reduce performance, and income dispersion is positively associated with technical efficiency.
INTRODUCTION
Recent studies of Brazilian agriculture based on the Agricultural Census of 2006 suggest a positive association between the (income) Gini index and the production efficiency. Souza et al. (2015) , using the Gini index as the dependent variable, found that the variable returns to scale (VRS) data envelopment analysis (DEA) score (Banker et al., 1984) is highly significant in a nonlinear fractional regression model relating income dispersion to DEA and other covariate determinants of market imperfections. The model was fitted to each of the five Brazilian regions (south, southeast, north, northeast, and center-west). The DEA variable was dominant in all the regions and the market imperfection variables varied in intensity by region. As Alves & Souza (2015) pointed out, due to market imperfections, small farmers sell their products at lower prices and buy inputs at higher prices. As a result, they are not able to adopt technologies at relatively higher prices. The conditions leading to market imperfections and affecting agricultural production are schooling, access to credit, access to water and electricity, and the development level in general. Thus, it is important to identify and quantify the effects of market imperfections to guide public policies and to reduce income concentration in the rural areas.
In another regression study relating ranks of income concentration as a linear function of ranks to labor, land, and technological input expenses, Alves et al. (2013) found that, for Brazil, all the variables were statistically significant and that technological inputs dominated the relationship. They concluded that technology was responsible for the observed income concentration. Indeed, they reported that 11% of the farms were responsible for 87% of the value of the rural production, according to the 2006 agricultural census. In that article they emphasized the need for further studies quantifying the effect of technology in the presence of market imperfections. Other studies deserve mentioning. Ney & Hoffmann (2008) analyzed the contribution of agricultural and non-farm activities to the inequality of rural income distribution in Brazil, observing two pieces of evidence: the participation of each sector in the household earnings of different income strata delimited by percentiles and the decomposition of Gini coefficients. Their results show that agriculture and rural non-farm activities contribute, respectively, to reducing and to increasing the rural income inequalities in Brazil. Ney & Hoffmann (2009) We contribute to this literature by evaluating production in the appropriate way, that is, by conditioning efficiency on the covariates of importance (market imperfection determinants). To the best of our knowledge this approach is new regarding the study of public policies effects in the Brazilian agricultural production. The output is the rural income and the inputs are labor, land, and capital expenses. The flavor of the analysis is stochastic, also a new approach in empirical work, and involves the conditional efficiency probability models proposed initially by Daraio & Simar (2007) . The measure of efficiency considered is FDH. The statistical analysis that we carried out mimics the approach of in what concerns the use of GMM to deal with endogeneity. It is an extension of the work of Daraio & Simar (2007), which does not explore a proper model specification of the response, defined by the conditional FDH measurement, as we are suggesting here. Another contribution of our approach to this literature has to do with the specification of the multivariate kernel used in the analysis, which differs considerably of the proposal of Bȃdin et al. (2012).
Our discussion proceeds as follows. Section 2 introduces the variables used in the production process. Section 3 and Section 4 deal with the methodology. Section 5 presents and discusses the statistical results. Finally, Section 6 summarizes and concludes the article.
PRODUCTION VARIABLES AND COVARIATES
The main source for this work is the Brazilian Agricultural Census of 2006 (IBGE, 2012a). The other sources used are listed below on a case-by-case basis. For the inputs and the output, we worked with monetary values. The choice of monetary values as opposed to quantities arose from the fact that using values allows for the aggregation of all agricultural outputs and inputs in the production process.
Farm data were pooled to form averages for each county. A total of 4,965 counties provided valid data for our analysis. This figure represents 89.3% of the total number of Brazilian counties. The decision-making unit (DMU) for our production analysis is the county. Table 1 provides a complete list of inputs and outputs used to construct the production variables used in the analysis. The production variables used are straightforward and do not require further explanation. They were measured on the farm level, as facilitated by the census, and aggregated by county.
The contextual variables considered are the Gini index, the proportion of farmers who received technical assistance, the total financing per farm, and the county performance indexes in the social, environmental, and demographic dimensions. These performance indexes require further comments. They have been considered in total or in part by Embrapa 
Gini index
As a measure of income inequality, we used the county Gini index. This is defined as follows. If x i is the rural income of farm i, the index is g/2x, where g = (1/n 2 ) n i=1 n j =1 x i − x j and x is the mean of x i . The Gini index varies in the interval [0, 1) with values close to 1 indicating more intense income concentration.
Social dimension
The variables comprising the social dimension reflect the level of well-being, favored by factors such as the availability of water and electric energy in the rural residences. They also reflect indicators of the level of education, health, and poverty in the rural residences. 
Demographic dimension
The variables comprising the demographic dimension capture aspects of the population dynamics that relate to rural development. These are the proportion of the rural to the urban population, the average size of a rural family, the aging rate, the migration index, and the ratio of the inactive population (0 to 14 years and 60 years or more of age) to the active population (15 to 59 years of age). The data source is the Brazilian Demographic Census 2010 (IBGE, 2012b).
Environmental dimension
The variables comprising the environmental dimension are the proportion of farmers practicing the technique of vegetation fires, proportion of farmers who use agrochemicals, proportion of farmers practicing crop rotation, proportion of farmers practicing minimum tillage, proportion of farmers practicing no tillage, proportion of farmers planting in contour lines, proportion of farmers providing proper garbage disposal, proportion of forest and agro-forest areas, and proportion of degraded areas. The data source is the Brazilian Agricultural Census 2006 (IBGE, 2012a).
All the variables within each dimension were measured in such way as to correlate positively with the given dimension. They were rank transformed and normalized by the maximum value in the dimension, which in this case is the number of counties. Each specific dimension index is a weighted average of the normalized variables comprising the dimension, with weights defined by the relative squared multiple correlation obtained in the regression of a variable with all the others; that is, if R 2 i is the squared multiple correlation of the regression, considering the ith variable as the dependent variable in the dimension, its weight is
FDH UNCONDITIONAL AND CONDITIONAL MEASURES OF TECHNICAL EFFICIENCY
We begin with the notion of FDH efficiency and related measures. Daraio & Simar (2007) and Bȃdin et al. (2012, 2014 ) discussed a measure of conditional efficiency that is closely relates FDH efficiency measures to probability theory, and which we used to assess the influence of covariates in the production process. Convexity of the technology set is not required. Consider production observations (x j , y j ), j = 1, . . . , n, of n producing units (DMUs). In our case, the input vector
is a vector in R 3 with non-negative components, representing the land, labor, and capital components with at least one strictly positive. The output vector y j is a non-negative point in R. The technical efficiency FDH of DMU τ is taken relative to the frontier of free disposability (free disposal hull) of the set
The input-oriented FDH efficiency measureθ(x, y) is given bŷ
The output-oriented FDH efficiency measureλ(x, y) is given bŷ
These quantities are similar to their DEA counterparts, including the interpretation of radial contraction (input orientation) and augmentation (output orientation). The main difference is that in DEA the γ j are not restricted to be 0 or 1.
As stated in Dario & Simar (2007) , the FDH estimator is computed in practice by a vector comparison procedure. In the case of three inputs and only one output, and assuming input orientation, we haveθ
For the output oriented FDH model we then havê
In this article we will restrict our attention to output oriented measures of efficiency (5).
A very interesting interpretation of the FDH arises when the production process is described by a probability measure, defined, in our case, in the product space R
3+1
+ by random variables (X, Y ). For efficiency purposes, we were interested in the probability of dominance given by
Notice that
gives the probability that a unit operating at the input-output level (x, y) is dominated, that is, that another unit produces at least as much output while using no more of any input than the unit operating at (x, y);
is monotone non-decreasing in x and monotone non-increasing in y.
The support of H X Y (x, y) is the technology set given by
where = {(x, y) : x can produce y}.
We then have
New concepts of efficiency measures can be defined for the input-oriented and output-oriented cases, assuming S Y (y) > 0 and F X (x) > 0. For input and for output orientation we have, respectively, the following equations
Since the support of the joint distribution of (X, Y ) is the technology set, boundaries of can be defined in terms of conditional distributions.
As we stated before, in our empirical work we used the output orientation. The output efficiency measure for given levels of input (x) and output (y) is given in (11) and it is nonparametrically estimated byλ
.
It can be shown that the following equation coincides with the FDH estimator.
The estimated FDH production set is very sensitive to outliers, and consequently so are the estimated efficiency scores. Here we avoided the outlier problem by transforming the data into ranks before the analysis. The approach is well known in statistics to produce methods that are robust relative to outlying and heteroskedastic observations. See Wonnacott & Wonnacott (1990) for Anova applications & Conover (1999) for a general discussion. In our case we experienced difficulties in computing performance measures using the raw data. For our purposes the rank transformation was sufficient to obtain directions of better performance. If a ranked dependent variable responds positively to a ranked independent variable, it is likely that the same relationship will occur for raw data. This is typical in regression problems.
To assess the significance of a continuous contextual variable Z of dimension m on the outputoriented efficiency measurement, we conditioned on Z = z to obtain
The nonparametric kernel estimate proposed by Daraio & Simar (2007) is defined bŷ
where K (·) is the kernel and h n is the bandwidth.
The bandwidth selection can be carried out using likelihood cross-validation as described by Silverman (1986), but other methods can also be used. For the multivariate case, we could use a bounded multivariate kernel or a product of univariate bounded kernels. An easy choice in the latter case would be the product of marginal kernels with support [−1, 1] k . In our case k = 6, which is the number of covariates.
Substituting the estimatorŜ Y,n (y |x, z ) into equation (14), we obtained the conditional FDH efficiency measure for the output-oriented case as below.
Therefore, for a multivariate bounded kernel we used the following estimator
where τ n is the bandwidth andσ is the square root of the average variance of the covariates.
With a product of univariate bounded kernels, following Bȃdin et al. (2012), it is also possible to use the following formulation
where (τ 1n , . . . , τ mn ) is the vector of marginal univariate bandwidths of the covariates.
The statistical inference will be dependent on how the kernels and bandwidths are chosen. Typically, nonparametric estimates are not dependent on the kernel choice and we proceed with the suggestion of Silverman (1986) and Daraio & Simar (2007), which is the Epanechnikov kernel. In our approach we obtained a better fit using a single bandwidth, also following Silverman (1986) for the bandwidth choice. The multivariate Epanechnikov kernel is given by
where u is a point in a d-dimensional space and c d is the volume of the unit sphere. In our application d = 6 and c 6 = (1/6)π 3 .
The optimal window width for the smoothing of normally distributed data with unit variance is given by
If the data are not transformed for unit variances, the indicated procedure is to choose a singlescale parameterσ and to use the valueσ h opt for the window width. A possible choice iŝ
is the vector of variances of the covariates.
STATISTICAL INFERENCE AND COVARIATE ASSESSMENT
For the assessment of the influence of the covariates on the efficiency measurements, Daraio & Simar (2007) suggested a nonparametric statistical analysis using the ratio
as the response variable. The underlying suggested statistical model (Daraio & Simar, 2007) is E q(x j , y j z j ) = G(μ j ), μ j = z j θ, assuming the vector of covariates to be exogenous. If the mean specification is correct and the errors are uncorrelated, standard quasi-maximum likelihood inference is valid even for efficiency distributions concentrating the probability mass on 1 (Ramalho et al., 2010). When the independent variables are endogenous, the statistical inference may not be valid. In statistics an endogeneity problem occurs when an explanatory variable is correlated with the error term. This problem seems to be more serious than the crosssectional correlations. A similar condition is "separability," which was discussed by Simar & Wilson (2007) . The typical approach to overcome the problem of endogeneity is the instrumental variable estimation.
A natural parametric version of the model above is to consider the flexible fractional regression specification of Ramalho et al. (2010) . We assumed that the observations are correlated and that some of the covariates are endogenous (the Gini index, financing, technical assistance, and social and environment indicators). The correlation is induced by the FDH computations.
A common choice for G(·) is G(μ) = (μ)
, where (·) denotes the distribution function of the standard normal. Other specifications could be the logistic G(μ) = e μ /(1 + e μ ) or the complementary log-log G(μ) = 1 − e −e μ , but frequently they lead to similar conclusions. In our case we obtained the best response for the standard normal, followed by the logistic. The complementary log-log did not converge. Our preferred method of estimation was the generalized method of moments -GMM (Gallant, 1987; Greene, 2011), with robust estimation of the parameter vector variance-covariance matrix. The GMM handles the problems of endogeneity and nonlinearity of the expected mean and, in many instances, provides robustness relative to the correlated observations as well (Conley, 1999; Stata, 2015) .
Let h inst be a vector of strictly exogenous variables available for use as instruments. If
and assuming the moment condition E h ⊗ u jn (θ, z j ) = 0 to be true, we may estimate the parameter θ using the generalized method of moments. An endogeneity and goodness-of-fit test is performed, testing for overidentifying restrictions (Hansen's J test; Hansen, 1982).
To obtain bias-corrected confidence intervals and standard errors adjusted for all potential misspecifications (endogeneity, cross-sectional correlation, and heteroskedasticity), we performed nonparametric bootstrapping (Stata, 2015) with 5,000 replications. The instruments that we chose here are regional dummies and variables measured after the agricultural census of 2006, available in the demographic census of 2010. Table 2 shows the GMM results for the fitting of the model defined by G(μ) = (μ). The other parametric alternatives given in Section 4 are worse. The criterion GMM function (the less the better) is 2.6167 × 10 −4 for the standard normal and 3.4668 × 10 −4 for the logistic response function. As we stated in Section 4, the complementary log-log function did not converge. The only covariate considered to be exogenous is the demographic index, as all the others were measured by or are somehow related to the agricultural census. The instruments used, that is, exogenous and or predetermined variables assumed to be independent of the error term (Davidson & MacKinnon, 1993), are regional dummies, the proportion of farms with a power supply service in 2010, the demographic index, and demographic ∧2. A standard procedure in GMM estimation is to also include as instruments low order monomials in the in the instrument set (Gallant, 1987) . Standard errors were computed from the bootstrap replications. The Hansen's J test statistic for the model correctness and instruments specification is 1.299, with 1 degree of freedom and p-value = 0.254. There is no evidence against the model specification and the instruments considered.
STATISTICAL FINDINGS
Ratkowsky (1983) considered the bound 1% for the relative bias as the threshold for linear normal behavior of a parameter estimator. Relative bias is defined as the ratio of the bias to the parameter estimate in absolute values. It is necessary to access the bootstrap distribution in order to estimate the relative bias. The 1% relative bias is achieved for the variables financing, social, demographic, and technical assistance. We failed to accept the normal assumption for the estimators of these parameters considering the bootstrap distribution. Only the Gini variable showed normal behavior. The Kolmogorov-Smirnov statistics of normality for financing, environment, social, demographic, technical assistance, and the Gini index are 0.014 ( p-value = 0.0184), 0.028 ( p-value < 0.01), 0.014 ( p-value = 0.0186), 0.030 ( p-value < 0.01), 0.020 ( p-value < 0.01), 0.038 ( p-value < 0.01), and 0.007 ( p-value > 0.15), respectively. In general, the distributions are skewed, and bias-corrected confidence intervals should be taken into account to assess the statistical significance. In this context, the environment and demographic variables are not significant.
The interpretation of the sign of a covariate (Z ) coefficient is taken from Daraio & Simar (2007, 115) : "an increasing regression corresponds to a favorable environmental factor and a decreasing regression indicates an unfavorable factor." We see from Table 2 that financing, social, and Gini are favorable. These variables show the correct signs. The influence of the Gini index points to a strong association with production efficiency, confirming the results of previous studies reporting that technology is responsible for the rural income concentration in the country. We see the negative sign of technical assistance as an indication that the rural extension in the country does not lead to higher efficiency levels, which is very likely due to market imperfections that inhibit the use of proper technologies to increase rural productivity. Market imperfections are related to the markets of products, exports, and inputs, markets of water and power supply, markets of land, equipment, and machinery rentals, access to information, and education. As we have already pointed out, the small rural producers sell their products at lower prices and buy inputs at higher prices; therefore, they are not able to adopt the optimum technologies. These will be expensive and the cost will not be covered by the output revenue. Two other points inhibiting technical assistance for small farmers are the low educational level and the difficulties in accessing information. Rural production efficiency in Brazil is achieved mainly by the large producers. They may be owners of small pieces of land and adopt modern technologies, such as irrigation. Since they trade with large volumes, they gain lower input prices and easier access to technology. The marginal effects were computed following the equation
where φ(·) is the standard normal density function. The intensity of the marginal effects on the response may be appreciated by the median values of the factor φ(μ). Table 3 shows five-number summaries for each region, and the corresponding box plots are shown in Figure 1 . The region that will benefit the most from public policies reducing market imperfections, ceteris paribus, is the northeast, closely followed by the northern, southern, and southeastern regions. 
SUMMARY AND CONCLUSIONS
Using the Brazilian 2006 agricultural census data and other official sources, we examined the influence of market imperfection variables and income concentration on the efficiency of rural production in Brazil at the county level. As a measure of production efficiency, we took the FDH performance score. The analysis was based on the conditional frontier, assuming a random data-generating process for the frontier. The statistical analysis was carried out using fractional regression and GMM and postulated a nonlinear relationship between the ratio of the conditional to unconditional FDH frontiers and the set of conditioning variables. The statistical inference was performed with instrumental variables, to handle the eventual endogeneity and separability problems, and bootstrapping, to address the cross-sectional correlation and heteroskedasticity properly.
We conclude that the market imperfections discriminate against the small rural producers. The public policies are directed to the rich farmers, since the interest rates are higher for the small producers, the leasing of equipment and machinery is also more expensive, access to health and education services is compromised, and the infrastructure drawbacks are more difficult to overcome. These conditions are unfavorable for production, making it impossible for small farms to adopt technologically intensive inputs. We also found a strong positive association between rural production efficiency and income concentration, emphasizing the difficulties faced by poor farmers in accessing proper technology at competitive prices due to market imperfections.
In a recent study, Alves et al. (2015) compared the behavior of market imperfections in the south of Brazil (state of Rio Grande do Sul) and in the northeastern region (state of Bahia).
We believe that their observations extrapolate for the other regions and suggest a comparison between the north and northeast and the other regions from the point of view of efficiency in production. They pointed out that in the south the better values of gross production are due to better control of market imperfections, by actions carried out by the county's administrations, by the rural and urban leadership, and by the rural cooperatives and farmers' associations. The variable that they used to compute the Gini index is the value of gross production and should function as a proxy for the Gini quantity computed here. If the purpose of public policies is to reduce income concentration, one should invest in technologies that will increase land and labor productivity, and this cannot be achieved in the presence of market imperfections. In our study, we found that the northern and the northeastern regions in Brazil are likely to be the most responsive to marginal effects in income concentration and market imperfections. Therefore, public policies should be aimed at reducing the income concentration and creating conditions that allow productive inclusion and rural poverty reduction.
